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ABSTRACT
The characteristic colour of translucent liquid foods is defined as the colour
values at infinite depth, where the liquid depth and the background effects are
surpassed. A measurement cell with variable depth was built, and the L*a*b*
colour was measured from digital images. Colour versus depth was fitted to an
exponential equation, from which the characteristic colour was obtained.
Thirteen different liquids were tested with this methodology and compared
with spectrophotometer measurements. The average total colour difference
between approaches was 50.85 ± 18.89. Image analysis led to more realistic
predictions, and a high correlation between Hue angle values was obtained for
most samples, with the exception of only one.
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Introduction
The colour of foods is a meaningful feature since it is one of the first characteristics to be evaluated by the
consumers, closely associated with the food quality.[1,2] In general, it is a complex sensation which
depends, among several factors, on the consumer’s perception, the chemical composition of the food,
and the incident light. All those factors indicate that the colour is not only an intrinsic property of the
sample but also it is influenced by the environment.[2] In food technology, the colour is commonly
expressed in the CIELAB or CIE 1976 L*a*b* colour space,[3] where L* is the lightness, a* is the redness
(from green to red), and b* is the yellowness (from blue to yellow). This is often determined using
colorimeters,[2] which measure the reflected light from a surface under standard lighting conditions.
These measurements can be easily performed for opaque solid foods, where most of the light is reflected
by the food surface.On the other hand, the colour of transparent or translucent foods, like beverages, is
much more complex to define and measure. Aside from the influence of subjectivity on the consumer
perception, the colour of translucent foods is greatly affected by the liquid’s depth and the scene
background. Up to the present, the colour of translucent liquids is usually determined using spectro-
photometers, which measure the absorbance or transmittance spectrum, from which CIELAB colour
space information can be obtained.[4] These devices use cells of different depths, and the effect of this
variable in the colour value deserves to be studied. In this sense, Joubert[5] measured the colour of rooibos
tea with cells of different depths using a spectrophotometer. Huertas et al.[6] measured the colour of wine
samples with different thicknesses using a spectroradiometer and a spectrophotometer. González-Miret
Martín et al.[7] employed a spectroradiometer to measure colour of wines at different depths. Hernández
et al.[8] measured the wine colour at the centre and the rim of a normalised wine sampler using a
spectroradiometer. Gómez-Robledo et al.[9] measured the colour of virgin olive oil with cells of different
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thickness using a spectrophotometer and with cells of different diameters using a spectroradiometer.
Carvalho et al.[10] measured CIELAB colour of wines during ageing using a spectrophotometer.
On the other hand, the use of digital images to determine the colour of foods has been encouraged in the
past few years,[2] mainly for the surface colour of solid opaque foods. To measure colour from digital
images, a computer vision system (CVS), consisting of a digital camera, an image acquisition ambient with
controlled illumination and information processing software, is required.[11] In these systems, one key step
is the conversion of the Red, Green, and Blue (RGB) colour values obtained from digital cameras to the
CIELAB colour space. However, only few works have been reported using this methodology regarding the
colour of translucent liquid foods. González-Miret Martín et al.[7] measured the colour of four commercial
wines; Fernández-Vázquez et al.[12] measured the colour of orange juice samples and discriminated
between samples based on themeasured colour and a trained sensory panel; both works used a commercial
colour system, DigiEye (VeriVide, UK). Mendoza et al.[13] explored the feasibility of a machine vision
technique for predicting the quality of commercial canned beans, using colour and textural features
extracted from drained beans and brine images. Hence, the objective of this work is to develop a simple
methodology to obtain the characteristic colour of translucent liquid foods from digital images. With this
aim, a measurement cell with variable depth was built, thus allowing the evaluation of depth influence on
the colour in a single image. The digital images were processed to obtain L*, a*, and b* values from RGB
information, using a standard colour chart and an empirical colour space conversion model. A software
package was developed in MATLAB, as a graphical user interface, to process the images.
Material and methods
Measurement cell and characteristic colour
Diverse measurement cells or liquid container prototypes were designed, built, and tested. Finally, a
transparent acrylic cell was employed, with its bottom painted in light grey (Fig. 1). The cell has 8 mm
width, 104 mm length, and a tilted floor, so that its depth varies from 0 to 85 mm. To completely fill the
cell, 35.4 cm3 of liquid are necessary.
Both liquid depth and background affect colour measurement; therefore, it is necessary to consider
them in order to provide a suitable description of the colour. As it was mentioned, the colour of liquids is
defined as the colour at infinite depth. According to the Beer-Lambert law,[14] an exponential function is
proposed to represent the colour variation with depth (Eq. 1):
C ¼ C1 þ C0  C1ð Þeβz (1)
whereC refers to each colour parameter, L*, a*, or b*, respectively. The subscript ‘0’ refers to the initial value
(z = 0), β is related to the light absorption on the sample, and z is the liquid depth. As the cell depth
increases (z→∞), each colour parameter approaches a constant one, L*∞, a*∞, and b*∞. Then, these values
are defined as the characteristic colour of the sample. It is noteworthy that more general and detailed
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Figure 1. Picture of the developed acrylic cell.
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theories of light propagation on turbid media, as the Kubelka-Munk theory, are available,[15] but never-
theless, a simple and empirical approach was chosen according to the aim of this work.
Image acquisition and processing
To obtain the digital images and then the colour of the samples, a CVS is required, which consists of an
image acquisition chamber, a digital camera, and image processing software. In this work, the image
acquisition was performed in a laboratory room with fluorescent lights, using a Samsung ST60 digital
camera (automatic program, flash off, 3000 × 4000 pixels, ISO 100, white balance: white fluorescent).
Both the image processing and subsequent calculations were performed in a software package
developed using MATLAB® (The Mathworks Inc., Natick, Mass., USA), as a graphics user interface
(GUI) adapted from.[16] This software, developed to measure the colour of solid foods, was previously
tested and validated.[17,18] Since the digital camera acquires images in the RGB colour space, a
conversion to the CIELAB colour space must be applied. The direct conversion between these two
colour spaces[19,20] is suitable when standard illumination conditions are used. On the contrary, when
the lighting is not standard, an empirical conversion must be performed, as it is stated in previous
works regarding the measurement of the colour of the solid foods.[21–26] These empirical models must
be fitted by a calibration procedure using samples with known colour values. In this work, the
following empirical conversion model was used, with linear and quadratic relations, as well as
interactions between the RGB values:
L; aorb ¼ α1 þ α2Rþ α3Gþ α4Bþ α5R2 þ α6G2 þ α7B2 þ α8RGþ α9RBþ α10GB
þ α11RGB (2)
The parameters αi of this empirical conversion model were obtained using a X-Rite ColorChecker chart
(X-Rite Inc., Grand Rapids,Michigan, USA), which is a standard reference used in several studies.[23,25,27]
It has 24 patches with different colours, with known L*a*b* values;[28] in this work, D65 illuminant was
considered. The error of the fitting procedure was assessed using the average total colour difference
between L*, a*, and b* colour values of the ColorChecker and the predicted (Eq. 2) ones:
ΔE ¼ 1
n
Xn
i¼1
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
LF;i  LR;i
 2
þ aF;i  aR;i
 2
þ bF;i  bR;i
 2r
(3)
where subscripts F and R refer to fitted and reference values, respectively, and n refers to the number
of ColorChecker patches (n = 24). The processing steps are summarised as follows:
(1) Obtain an image of the cell filled with the sample.
(2) Calibrate the colour space conversion model (Eq. 2).
(3) Select an initial and a final point in the liquid cell and define the number of intermediate
points to use (see Fig. 2).
(4) Obtain RGB values for each point. To diminish eventual noise, a small patch of several pixels
was employed instead of using a single point (see Fig. 2).
(5) Convert the RGB values to L*a*b* values for all the selected points, using Eq. (2).
(6) Calculate the depth z for the selected points.
(7) Finally, fit L*, a*, and b* values versus z (Eq. 1) to obtain C∞, C0, and β.
The steps 2 to 7 are implemented in the developed software. The fitting performance of Eq. (1)
was also expressed using the average total colour difference between measured and fitted colour
values, for all depths, similarly to Eq. (3).
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Samples and experimental measurements
Several fruit juices (grape, pear, multi-fruit, apple), wines (white, rosé, red), lager beer, and energy drinks
of different colours (grapefruit, blue), purchased at a local market in La Plata (Argentina), were employed
to test the proposed methodology. Also, selected liquid cleaners and deodorants of diverse colours were
used; these samples were included since they are synthetic and present amore stable colour through time.
All the samples were poured carefully in the cell, avoiding bubble formation; the beer sample was allowed
to settle a few minutes until the bubbles disappeared. The camera was placed 25 cm above the sample,
vertically aligned with the cell, and a single photograph was acquired for each measurement.
The L*a*b* colour of the whole set of samples was also estimated from spectral transmittance
data[29,30] in order to compare the performance of our methodology with that of the traditional method.
For this, D65 standard illuminant and 2° standard observer were used, measuring between 380 nm and
780 nm at 1 nm interval (BECKMAN DU 650 Spectrophotometer, Brea, California, USA). A plastic cell
of 1 cmdepth was employed, using distilled water as reference. TheHue angle (Eq. 4) andChroma (Eq. 5)
were calculated from the L*a*b* values obtained by both approaches:
hab ¼ atan b

a
 
(4)
Cab ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
að Þ2 þ bð Þ2
q
(5)
The ability of the developed methodology to detect concentration differences was determined by
measuring the colour of two samples (blue energy drink and multi-fruit juice) diluted in distilled
water. The final concentration of the diluted samples was 0, 5, 10, 20, 40, 60, and 80% (measured as
sample volume/total volume). Additional measurements were performed to test the influence of the
background on the characteristic colour. For this purpose, the cell floor was covered with plastic sheets of
different colours (yellow, green, and black), and digital images with each background were acquired for a
particular sample (blue energy drink). To analyse the influence of the background, a hypothesis test on
the equality of means was done.[31]
Predicted color:
Initial 
point
Final 
point
10×10 pixels 
patches
Figure 2. Image of the apple juice sample opened in the GUI. The 20 patches selected to measure colour versus depth are shown;
the initial and final patches are indicated. Predicted RGB colours of these patches are also depicted.
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Results and discussion
Calibration of the conversion model
The first step before image processing is the calibration of the empirical model to transform colour
spaces. As it can be seen in Eq. (2), the model’s response was linear on the parameters αi, so the
fitting was easily performed. It is worth mentioning that the digital camera used in this work
automatically changes its setting from scene to scene, so the colour chart was always included in
the scene. The average total colour difference between the ColorChecker values and the predicted
(Eq. 2) L*, a*, and b* values was ΔE = 2.35 ± 0.27, considering the 13 samples detailed in Table 1.
Measurement of the characteristic colour
Figure 2 shows a digital image of an apple juice sample contained in the cell, as it is viewed in the
developedGUI used to process the digital images. Also the predicted colours obtained from its processing
are depicted. Two conversion steps were involved, so as to display the colours in a visual sense: first, the
image is transformed from RGB space to L*a*b* using Eq. (2) and then from L*a*b* back to RGB values
using a direct conversion model.[3,19] As it can be seen, a good correlation is observed.
Table 1. L*a*b* colour values obtained from image processing and from spectrophotometer measurements.
Image processing Spectrophotometer
Sample L*∞ a*∞ b*∞ L* a* b*
Grape juice 82.71 −14.74 32.35 94.41 −2.33 7.99
Pear juice 84.87 −5.24 27.39 99.53 −0.48 2.10
Multi-fruit juice 68.49 30.58 46.37 80.99 9.17 17.88
Apple juice 59.67 25.31 61.25 96.77 −0.81 9.69
Grapefruit energy drink 82.81 −1.42 32.70 83.58 2.49 19.34
Blue energy drink 56.45 −39.98 −26.75 74.55 −17.87 3.48
Lager beer 47.18 37.18 56.62 93.70 −2.47 21.71
White wine 69.75 11.74 59.34 98.02 −1.40 9.03
Rosé wine 22.07 29.81 11.21 61.76 35.68 33.25
Red wine 12.53 3.54 −2.89 25.02 51.07 39.94
Green cleaner 20.82 −34.58 23.93 89.58 −27.02 30.76
Violet cleaner 25.73 38.24 −24.60 79.64 10.69 −15.59
Blue cleaner 33.28 −21.40 −32.42 93.17 −4.63 −3.80
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Figure 3. Colour variation versus depth for apple juice sample. Symbols: ( ) L*; ( ) a*; ( ) b*. Dashed line represents Eq. (1) fitting.
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To define the characteristic colour, the dependence of the predicted colour values on the liquid
depth was analysed. In this sense, Fig. 3 shows the L*, a*, and b* colour values versus the liquid depth.
From these results, it is clear that as the depth increases, each colour value approaches a constant one.
These colour values were used to fit Eq. (1) of this work. For this particular sample, the average total
colour difference of the fitting procedure was ΔE = 2.09 ± 0.69, using the 20 patches showed in Fig. 2.
Comparable colour behaviours and fitting errors were obtained for the other samples. Similar colour
versus depth behaviour was reported by[9] for olive oil samples using a spectrophotometer and a
spectroradiometer. For wine samples[6] informed a similar L* behaviour and found complexHue angle
and Chroma variations. Table 1 shows the predicted characteristic colour of all the tested samples,
using 20 equally spaced patches of 10 × 10 pixels each one. These results agreed well with preliminary
experiments using a different cell,[32] made of cellular polycarbonate.
With comparison purposes, the colour values measured with the spectrophotometer are detailed in
the same table. In general, the L* values from the spectrophotometer were considerably higher than those
obtained from image processing, with an average absolute difference of 31.10. On the contrary, for most
of the samples, a* and b* values from image processing were higher (in absolute values) than those
measured by the spectrophotometer, being the average absolute differences equal to 19.14 and 28.30,
respectively. The correlation coefficients between both methodologies were low: 0.59, 0.51, and 0.31 for
L*, a*, and b*, respectively. Similarly, correlation coefficients for Hue angle and Chroma were 0.61 and
−0.52, respectively. Considering the whole data set except the red wine sample, theHue angle had a good
correlation coefficient, equal to 0.98. In summary, the average total colour difference ΔE between the
measurements performed with both devices was 50.85 ± 18.89.
To complete this analysis, Table 2 compares the colour appearance obtained from both procedures for
three selected samples (grape juice, apple juice, and blue energy drink); also a picture of the samples in a test
tube, using a white background and 10 cm liquid depth, is shown. The colour obtained from the image
analysis methodology better resembles the samples. This result is due to the short depth of the spectro-
photometer cell (1 cm); if deeper cells were used (as modern spectrophotometer allow), the colour
measured should be more similar to the characteristic colour.
Also, the ability of the proposed approach to analyse colour versus sample concentration was tested. In
this sense, the predicted colour values at infinite depth of two randomly selected samples are shown:
multi-fruit juice (Fig. 4) and blue energy drink (Fig. 5), both diluted with distilled water to have different
concentrations. To easily visualise these results, their predictedRGB values are included in the figures. As
it can be appreciated from these results, this methodology could be used to determine the sample
concentration. In a similar sense[5] related the colour of rooibos tea (measured with a spectrophot-
ometer) with the solids content, using different cell path lengths. To avoid Hue angle inversion, the
author recommended a 5 mm cell or diluted extracts. In general, the relationship between the concen-
tration of a solute and the liquid colour is better assessed using spectrophotometers (typically using a
specified wavelength), whereas colour as a quality attribute is better assessed from image analysis, since
this method represents in a better way the colour of the samples.
In addition, the effect of the background colour was evaluated using the blue energy drink sample. As
it can be seen in Fig. 6, the three colour parameters tend to similar values as the depth increases,
Table 2. Colour appearance obtained from image processing (colour at infinite depth) and spectrophotometer (1 cm cell)
measurements for some selected samples. Also a picture of the sample into a test tube is shown, using 10 cm liquid depth
and a white background.
Image analysis Spectrophotometer Picture of the sample
Grape juice
Apple juice
Blue energy drink
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independent of the background colour. Eq. (1) was fitted for each individual pixel of the 20 patches, using
10 × 10 pixels in each patch, and thus 100 fitting procedures were performed for each curve. To complete
this analysis in a statistical way, Table 3 details the average values and the standard deviations of the
characteristic colour predicted with the different backgrounds. At first, very similar values were obtained.
However, the hypothesis test on the mean equality concluded that the influence of the background was
significant because of the very low standard deviations of the measurements.
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Appearance of the predicted characteristic color:
Figure 4. Characteristic colour of the multi-fruit juice sample, at different concentrations. Symbols: ( ) L*; ( ) a*; ( ) b*. Patches
with the predicted RGB colours are shown.
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Appearance of the predicted characteristic color:
Figure 5. Characteristic colour of the blue energy drink, at different concentrations. Symbols: ( ) L*; ( ) a*; ( ) b*. Patches with
the predicted RGB colours are shown.
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Again, the L*a*b* colour values of the blue energy drink, measured with different backgrounds,
were transformed to RGB values. These results are shown in Fig. 7. From this figure, it is evident that
colour differences are notorious at small depths, and then the colour seems to remain constant. In
this sense, Fig. 8 shows the total colour difference ΔE (calculated with Eq. (3) assuming the initial
0 1 2 3 4 5 6 7 8.5
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Figure 6. Effect of the background colour on liquid colour prediction. a) L*; b) a*; c) b*. Background colour: ( ) yellow; ( ) green;
( ) white; ( ) black. Dashed line represents Eq. (1) fitting.
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Table 3. Characteristic colour predicted using different background, for cool blue energy drink sample.
Background colour
Yellow Green White Black
L* 55.89 ± 0.21a 54.63 ± 0.26b 55.86 ± 1.23a 56.77 ± 1.43c
a* −41.54 ± 0.34a −39.74 ± 0.26b −41.29 ± 0.33c −39.86 ± 1.05b
b* −27.03 ± 0.29a −27.17 ± 0.96a −26.83 ± 0.73b −27.49 ± 0.82c
Same letter in the same row indicates no significant differences (confidence level α = 0.05).
Depth0 cm 8.5 cm
Yellow background 
Green background 
White background
Black background
Figure 7. Predicted colour variation with depth for the blue energy drink sample, using different background colours.
0 1 2 3 4 5 6 7 8.5
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Figure 8. Total colour difference ΔE versus depth for different background colours: ( ) yellow; ( ) green; ( ) white; ( ) black.
Dashed line represents Eq. (6) fitting.
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colour value for each background as the reference) versus the cell depth z. This relationship was
accurately fitted to an exponential equation:
ΔE ¼ ΔE1 1 eηzð Þ (6)
From this equation, a characteristic depth z, required to achieve a desired total colour difference, is
defined:
z ¼  1
η
ln 1 ΔE
ΔE1
 
(7)
For instance, from Eq. (7) the cell depth required to obtain 50% of variation on the total colour
difference (z ¼ 0:6931=η) for red and white wine was 4.5 and 37.2 mm, respectively. Hernández
et al.[8] estimated an average thickness of 3.6 mm of wine when measuring colour on the rim of a
sample holder. It is important to mention that for less translucent samples, the cell does not need be
full filled, or small cells can be used. On the contrary, for more translucent samples, a higher depth
could be necessary. Finally, in addition to predict the characteristic colour, defined as the value
predicted at infinite depth, the proposed methodology could be used to obtain the colour at an
arbitrary depth, using a desired background.
Conclusion
In this work, a novel methodology to measure and characterise the colour of translucent liquid foods was
proposed. Typically, this property ismeasured using spectrophotometers. However, with thismethodology,
the obtained colour does not resemble the colour as it is perceived by the consumers. The colour of the
liquid samples was measured using digital images, and the characteristic colour was defined as the colour at
infinite depth. A cell with a tilted floor was designed and built ad hoc, so that different depths could be
evaluated simultaneously in a single image. An empirical mathematical conversion between RGB and
CIELAB colour spaces was employed, as well as a standard colour chart for calibration purposes. The
experimental results of colour versus depth were fitted to an exponential equation, from which the
characteristic L*∞, a*∞, and b*∞ colour values were obtained. The proposedmethodology allowed obtaining
a successful colour prediction. Also, the total colour difference ΔE versus the cell depth was accurately fitted
to an exponential equation, thus defining a characteristic depth, an important parameter in the design of
measurement cells for specific liquid foods. In general, colour predictions obtained from the image
processing methodology better resemble the food samples in a visual sense, and for most samples, a high
correlation between image analysis and spectrophotometer Hue values was obtained.
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